Now, more than ever, the ability to acquire mathematical skills efficiently is critical for academic and professional success, yet little is known about the behavioral and neural mechanisms that drive some children to acquire these skills faster than others. Here we investigate the behavioral and neural predictors of individual differences in arithmetic skill acquisition in response to 8-wk of one-to-one math tutoring. Twenty-four children in grade 3 (ages 8-9 y), a critical period for acquisition of basic mathematical skills, underwent structural and resting-state functional MRI scans pretutoring. A significant shift in arithmetic problem-solving strategies from counting to fact retrieval was observed with tutoring. Notably, the speed and accuracy of arithmetic problem solving increased with tutoring, with some children improving significantly more than others. Next, we examined whether pretutoring behavioral and brain measures could predict individual differences in arithmetic performance improvements with tutoring. No behavioral measures, including intelligence quotient, working memory, or mathematical abilities, predicted performance improvements. In contrast, pretutoring hippocampal volume predicted performance improvements. Furthermore, pretutoring intrinsic functional connectivity of the hippocampus with dorsolateral and ventrolateral prefrontal cortices and the basal ganglia also predicted performance improvements. Our findings provide evidence that individual differences in morphometry and connectivity of brain regions associated with learning and memory, and not regions typically involved in arithmetic processing, are strong predictors of responsiveness to math tutoring in children. More generally, our study suggests that quantitative measures of brain structure and intrinsic brain organization can provide a more sensitive marker of skill acquisition than behavioral measures. math learning | intervention | prediction | multimodal neuroimaging | educational neuroscience
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Our study focuses on primary-grade school children between the ages of 8 and 9, an important period for learning and mastering arithmetic skills. Behavioral studies of primary-grade school children by Fuchs and colleagues have shown that the combination of computer-aided intervention and one-to-one tutoring can significantly improve mathematical abilities (6, 9) . Critically, they found that interventions emphasizing number knowledge and speeded practice with efficient counting strategies can improve math skills in primary-grade school children (9, 10, 13) . Number knowledge is an important foundation in the development of arithmetic competence because it leads to efficient counting procedures and reasoning strategies for consistently pairing a problem with its correct answer. The inclusion of speeded practice to generate many correct responses then leads to more direct retrieval of arithmetic facts (15) . For example, Fuchs and colleagues found that one-to-one number knowledge tutoring combined with speeded practice on counting strategies compared with number knowledge tutoring with games was more effective at increasing automatic retrieval and arithmetic fluency. Findings supporting the efficacy of combining number knowledge tutoring with speeded practice have been replicated in multiple studies (6, 16) . The neural basis of individual responses to these successful math-tutoring interventions, however, remains poorly understood. This study characterizes the neurobiological mechanisms predicting improvements in performance resulting from one-to-one math tutoring and to compare neural and cognitive predictors of responsiveness with academically relevant tutoring.
Functional neuroimaging studies in adults have consistently implicated a number of parietal and temporal brain regions in mathematical problem-solving tasks, including the intraparietal sulcus (IPS), the superior parietal lobule, the angular gyrus, the supramarginal gyrus, and the lingual and fusiform gyri in the inferior temporal cortex (17) (18) (19) (20) . In contrast, children, compared with adults, rely less on these posterior parietal and temporal cortical areas for solving arithmetic problems and more on the medial temporal lobe (MTL) memory systems critical for learning and memory as well as prefrontal cortex (PFC) regions important for working memory and cognitive control mechanisms that are necessary for accurate problem solving (21) . Notably, recent work on the development of fact retrieval in children has highlighted the role of a distributed network of interconnected prefrontal and MTL areas including the right hippocampus, left ventrolateral prefrontal cortex (VLPFC), and bilateral dorsolateral prefrontal cortex (DLPFC) (22, 23) , a system overlooked in most previous studies in adults. In parallel, studies of declarative memory have emphasized the role of the hippocampus and prefrontal cortex in learning more generally (24) (25) (26) . Critically, it is currently not known if these systems mediate skill acquisition in math learning through tutoring.
We conducted a math-tutoring study in a well-characterized sample of 24 children aged 8-9 y, all in grade 3 of elementary school, with varying levels of mathematical abilities. Our overall study design is illustrated in Fig. 1 . Each child underwent structural and resting state functional MRI scanning before math tutoring along with an extensive battery of neuropsychological assessments. They subsequently went through an intensive 8-wk one-to-one tutoring program focused on number knowledge tutoring with speeded practice on efficient counting strategies. Tutoring was designed to facilitate fluency in arithmetic problem solving (9, 10, 13, 14) . Before and after tutoring, we recorded arithmetic strategy use as well as speed, accuracy, and performance efficiency of arithmetic problem solving in each child using standardized procedures (23) . In addition to standard regression analyses, we used a machine learning approach (27, 28) to investigate behavioral and neural predictors of performance gains with tutoring. We first conducted prediction analyses using neuropsychological assessment scores to investigate behavioral measures that predict performance improvements on arithmetic problems with math tutoring. We then used voxel-based morphometry (VBM) to investigate regional gray matter volume that predicts performance improvement with tutoring. We then used resting-state functional MRI (fMRI) data to investigate functional circuits that predict performance improvements with tutoring. We hypothesized that prefrontal and parietal regions involved in arithmetic (29) as well as MTL areas involved in declarative memory (22) would predict performance improvements in children who received one-to-one tutoring. Finally, we examined the specificity of our findings using 16 age-and grade-matched children who served as a no-contact comparison group.
Results
Participants. Demographic information and cognitive profile data for the tutoring and no-contact comparison groups are shown in Tables S1 and S2, respectively.
Eight Weeks of One-to-One Math Tutoring Improves Arithmetic Performance, with Some Children Improving More than Others. Performance on the arithmetic verification task improved significantly after tutoring (Fig. 2) . Performance gains were observed for both accuracy [F(1, 23) = 17.25, P < 0.001, η p 2 = 0.43] and reaction time [F(1, 23) = 19.28, P < 0.001, η p 2 = 0.46]. To better assess simultaneous changes in accuracy and reaction time, we computed a composite measure of performance efficiency (30) . Performance efficiency showed significant increases after tutoring [F(1, 23) = 51.43, P < 0.001, η p 2 = 0.69]. All 24 children individually showed increases in efficiency after tutoring. The mean improvement in performance efficiency was 67%, ranging from 8% to 198%. In addition, there was a significant increase in use of retrieval strategies after tutoring [F(1,18) = 6.57, P = 0.02, (Fig. S1 ).
Behavioral Measures Do Not Predict Individual Differences in Arithmetic Skill Acquisition in Response to 8 wk of One-to-One Math Tutoring. To investigate whether behavioral measures predict individual differences in arithmetic skill acquisition, we examined the relation between behavioral measures acquired before tutoring and changes in arithmetic skills with tutoring. None of the behavioral measures included in the extensive battery of neuropsychological assessments conducted before tutoring, including assessments of intelligence quotient (IQ), working memory or math and reading abilities, were associated with arithmetic problem solving performance improvements. Critically, neither the numerical operations (r = −0.38, P = 0.07) nor the math reasoning (r = −0.14, P = 0.54) subtests of the Wechsler Individual Aptitude Test (WIAT)-II were related to changes in performance efficiency with tutoring (Fig. S2) . Further, none of the working memory subscores (digit recall: r = −0.03, P = 0.89; block recall: r = −0.11, P = 0.59; backward digit recall: r = 0.06, P = 0.75; count recall: r = 0.28, P = 0.19), nor a composite working memory score (r = −0.08, P = 0.69), were related to changes in performance efficiency with tutoring. To test whether multiple behavioral measures together were related to changes in arithmetic skills with tutoring, we used multivariate stepwise regression with change in performance efficiency as the dependent variable and neuropsychological assessments listed in Table S1 as independent variables. This multivariate analysis did not reveal any significant behavioral correlates of arithmetic skill acquisition (P > 0.46).
To further examine the predictive ability of behavioral measures, we used a machine learning approach: balanced cross- Fig. 1 . Study design. Each child first underwent an extensive battery of neuropsychological assessments. At time 1, each child performed two arithmetic tasks, one designed to assess strategy use and the second designed to assess accuracy and reaction time during problem solving. Structural MRI (sMRI) and resting-state fMRI (rsfMRI) scans were also acquired at time 1. At time 2, the two arithmetic tasks were repeated to assess changes in arithmetic strategy use, accuracy, and reaction time. Between time 1 and time 2, children went through an intensive 8-wk, one-to-one tutoring program focused on conceptual aspects of number knowledge and speeded practice on efficient counting strategies and systematic learning of number families. Together, these training components were designed to facilitate fluency in arithmetic problem solving. Fig. 2 . Eight weeks of one-to-one math tutoring improves arithmetic performance, with some children improving more than others. Participants solved arithmetic problems with significantly (A) higher accuracy, (B) faster reaction time, (C) higher performance efficiency, and (D) greater use of retrieval strategies after undergoing 8 wk of one-to-one math tutoring. The mean improvement in performance efficiency was 67%, ranging from 8% to 198%. Performance efficiency is a composite standardized measure obtained by combining accuracy and reaction time for each child. Time 1 and time 2 denote before and after tutoring measures respectively (*P < 0.05, ***P < 0.001).
validation combined with linear regression (SI Materials and Methods). Results from this analysis were consistent with the results from the correlation analysis, namely: neither the numerical operations [r(pred,actual) = 0.18, P = 0.28] nor the math reasoning [r(pred,actual) = −0.13, P = 0.57) subtests of the WIAT-II nor the working memory subscores [digit recall: r(pred,actual) = −0.21, P = 0.66; block recall: r(pred,actual) = −0.07, P = 0.44; backward digit recall: r(pred,actual) = −0.23, P = 0.73; count recall: r(pred,actual) = −0.01, P = 0.68], nor a composite working memory score [r(pred, actual) = −0.13, P = 0.35], assessed before tutoring predicted changes in performance efficiency with tutoring.
Gray Matter Volume in Hippocampus Predicts Individual Differences in Arithmetic Skill Acquisition in Response to 8 wk of One-to-One Math Tutoring. To investigate whether regional gray matter volume predicts individual differences in arithmetic skill acquisition, we conducted a VBM analysis using T1-weighted MRI images acquired before tutoring. We then performed a wholebrain regression analysis using the VBM derived gray matter volume as the independent variable and change in performance efficiency with tutoring as the dependent variable. Gray matter volumes of the right hippocampus, right thalamus, and right cerebellum were correlated positively with changes in performance efficiency with tutoring ( Fig. 3 and Table S3 ). In addition to whole-brain VBM, we performed additional analyses using an observer-independent cytoarchitectonically defined region of interest (ROI) encompassing the right hippocampus. Consistent with findings from the voxel-wise whole-brain analysis, a significant positive correlation was found between gray matter volume of the right hippocampus ROI and changes in performance efficiency with tutoring (r = 0.54, P < 0.01). These results remained significant even after covarying out pretutoring performance efficiency levels (r = 0.55, P < 0.01). To further examine the effect of pretutoring performance efficiency levels on our results, we excluded seven participants who had high pretutoring performance. The results remained unchanged even after excluding these seven participants from the analysis. Additional analyses revealed that among these three brain regions, the gray matter volume of the right hippocampus was the most related to performance gains. Specifically, gray matter volume within the right hippocampus cluster, compared with the thalamus and cerebellum cluster, explained the most variance observed in performance gains (P < 0.01). In the no-contact comparison group, this right hippocampus cluster was not correlated with changes in performance efficiency after 8 wk (r = 0.30, P = 0.26) (Fig. S3) .
To further examine the predictive ability of regional gray matter volume, we used a machine learning approach: balanced crossvalidation combined with linear regression (SI Materials and Methods). Results from this analysis were consistent with the results from the correlation analysis, namely: gray matter volume in hippocampus [r(pred,actual) = 0.45, P = 0.008] was most predictive of changes in performance efficiency with tutoring. In the no-contact comparison group, this right hippocampus cluster did not predict changes in performance efficiency after 8 wk [r(pred,actual) = −0.05, P = 0.36].
Intrinsic Functional Connectivity of the Hippocampus Predicts Individual Differences in Arithmetic Skill Acquisition in Response to 8 wk of One-toOne Math Tutoring. To investigate whether functional interactions of the hippocampus predict individual differences in arithmetic skill acquisition, we conducted a whole-brain regression analysis using functional connectivity of the hippocampus as the independent variable and change in performance efficiency with tutoring as the dependent variable. Functional connectivity of the hippocampus with the left DLPFC, left VLPFC, right supplementary motor area, right middle temporal gyrus, and basal ganglia before tutoring showed a significant positive relation with changes in performance efficiency with tutoring ( Fig. 4 and Table  S4 ). These effects remained significant even after covarying out individual differences in right hippocampal volume as well as pretutoring performance efficiency levels. No regions showed negative correlations with improvement in performance efficiency with tutoring. To further examine the effect of pretutoring performance efficiency levels on our results, we excluded seven participants who had high pretutoring performance. The results remained unchanged even after excluding these seven participants from the analysis. We then compared the correlation strength of hippocampus connectivity with that of the right thalamus and the right cerebellum, the other two regions identified by the VBM analysis, as well as a fourth ROI encompassing right IPS, voxels consistently implicated in numerical cognition (31) . This analysis revealed that, compared with the functional connectivity of the thalamus, cerebellum, and IPS, the functional connectivity of the hippocampus was the most correlated with performance gains (P < 0.001) (Fig. 5 ). In the no-contact comparison group, hippocampus connectivity with multiple target brain regions identified in the tutoring group were not correlated with performance efficiency changes after 8 wk (P > 0.11; Fig. S4 ).
To further examine the predictive ability of functional connectivity of the hippocampus, we used a machine learning approach: balanced cross-validation combined with linear regression (SI Materials and Methods). Results from this analysis were consistent with the results from the correlation analysis, namely: functional connectivity of the hippocampus with the left DLPFC [r(pred,actual) = 0.38, P = 0.02], left VLPFC [r(pred,actual) = 0.54, P = 0.002], right supplementary motor area, [r(pred,actual) = 0.67, P = 0.002], right middle temporal gyrus [r(pred,actual) = 0.78, P = 0.002), and basal ganglia [r(pred,actual) = 0.75, P = 0.002] predicted performance gains with tutoring. Additionally, compared with the functional connectivity of the thalamus, cerebellum, and IPS, the functional connectivity of the hippocampus was the most predictive of performance gains. In the no-contact comparison group, hippocampus connectivity with multiple target brain regions identified in the tutoring group did not predict performance efficiency changes after 8 wk (P > 0.21). These results highlight the specificity of our findings with respect to the tutoring group.
Discussion
This study examines neural predictors of individual responses to math tutoring in children. We used a one-to-one, validated individualized math-tutoring program (10, 16 ) that emphasized conceptual as well as procedural knowledge important to the development of arithmetic skill. The tutoring program was highly effective in that performance gains were systematically seen in accuracy, reaction time, overall performance efficiency, and retrieval Gray matter volume of the right (R) hippocampus before math tutoring showed a significant positive correlation with performance gains in arithmetic problem solving after 8 wk of one-to-one math tutoring. Performance gains represent a normed change in arithmetic problem-solving efficiency from time 1 (before tutoring) to time 2 (after tutoring). Results are based on VBM analysis at the whole-brain level (height threshold: P < 0.01; extent threshold: P < 0.05, 100 voxels). The data plotted in the scatterplot are nonindependent and are shown for visualization purposes only; these results are further bolstered by the machine learning-based prediction and crossvalidation analyses. strategy use. In contrast, the no-contact comparison group showed no such improvements. This corroborates previous classroombased tutoring studies (10, 14) . Critically, we found that individual response to 8 wk of tutoring was predicted by pretutoring measures of brain anatomy and functional connectivity, but not by cognitive and neuropsychological measures. Notably, children who had more gray matter volume in the hippocampus showed greater improvements in problem-solving efficiency. Hippocampal functional connectivity with the PFC and basal ganglia also predicted significant improvements in arithmetic problem-solving skills, and these effects were significant even after covarying out individual differences in hippocampal volume. Importantly, compared with other brain regions typically associated with math performance, including the IPS, hippocampal connectivity emerged as the strongest predictor of performance changes with tutoring. These findings provide evidence for the importance of hippocampal structure and circuitry in early-stage math learning.
We found that children with larger right hippocampus volumes showed greater improvement in arithmetic problem-solving skills with tutoring. Although the role of the hippocampal system in memory encoding and retrieval of individual stimulus items is well known (24) (25) (26) , its role in learning and acquisition of academically relevant skills such as math has received virtually no attention. Previous studies in adults have emphasized the role of prefrontal and posterior parietal cortices in arithmetic fact learning over a period of about a week (32) , but neither pretutoring anatomy nor functional activation in these brain areas have been linked to posttutoring gains. Our findings of hippocampal volume as a significant predictor of posttutoring gains are, however, consistent with emerging evidence from developmental studies, suggesting that during critical stages of arithmetic knowledge acquisition children rely more on hippocampus-based declarative memory systems for fact retrieval. Thus, for example, children show greater activation of the hippocampal memory system compared with adults (21, 33) , and Cho and colleagues recently reported differential recruitment of the right hippocampus in relation to greater use of retrieval strategies during arithmetic problem solving (23) . However, as with previous studies in adults, this study of early development has relied on cross-sectional and correlational approaches. Our findings of hippocampal volume as a predictor of learning and skill acquisition over time provide evidence of its causal role in skill acquisition and learning in an academically relevant domain. Consistent with this interpretation, it is further noteworthy that children with dyscalculia demonstrate structural deficits in the hippocampus and the entorhinal cortex (34) and they typically have poor skills in retrieving arithmetic facts from memory (35) .
The second key finding of our study relates to functional circuits associated with the hippocampal region whose gray matter volume predicted behavioral improvements with tutoring. We used resting state fMRI acquired before tutoring to probe hippocampal circuits and investigate whether hippocampal connectivity predicted performance improvements with tutoring. We found that intrinsic functional connectivity of the hippocampus with multiple PFC regions before tutoring predicted improvements in arithmetic problem-solving skills after tutoring. This included the dorsolateral and ventrolateral PFC, two prefrontal regions important for cognitive control processes that facilitate memory encoding and retrieval (36) (37) (38) . Hippocampal interactions with these PFC Functional connectivity of the hippocampus shows highest correlation with improvement in arithmetic performance in response to 8 wk of one-to-one math tutoring. Correlation of right hippocampus functional connectivity before math tutoring with performance gains in arithmetic problem solving after 8 wk of one-to-one math tutoring was higher than the correlation of the right thalamus functional connectivity and the right cerebellum functional connectivity before tutoring with performance gains. The right thalamus and the right cerebellum were the two other regions besides the right hippocampus whose gray matter volume before math tutoring correlated with performance gains in arithmetic problem solving after tutoring. A fourth region encompassing right IPS voxels consistently implicated in numerical cognition also had significantly less correlation than the hippocampus (***P < 0.001).
regions are also known to facilitate long-term memory formation (37) . Consistent with this view, Cho and colleagues found increased recruitment of the same hippocampal and PFC regions with greater retrieval use (23) . In addition to the PFC, hippocampal interactions with the basal ganglia were also predictive of performance improvements with tutoring. In contrast, the nocontact comparison group showed no such effects. These results provide evidence that arithmetic skill acquisition depends on the intrinsic connectivity of the procedural memory subserved by the basal ganglia and declarative memory subserved by the hippocampus-based system. Our findings are consistent with the notion that the hippocampus and basal ganglia form interacting memory systems (39-41) that contribute to skill and knowledge especially during early phases of learning, which rely on both procedural and declarative memory systems (39) (40) (41) (42) (43) . The most thoroughly studied developmental and schooling-based improvement in arithmetical competency is change in the distribution of strategies used during problem solving (13, 15, 44) . With development, the mix of strategies changes such that inefficient strategies, such as counting, are used less frequently, and efficient strategies, especially retrieval, are used more frequently (15, 45, 46) . Moreover, the speed and accuracy with which individual strategies are executed improves with development resulting in long-term memory representations that support the use of memory-based problem-solving processes. In our study, before tutoring, 8-9 y old children primarily used inefficient "counting" strategies. At the end of 8 wk of intensive math tutoring, their strategy use shifted to predominant use of retrieval. Our findings suggest that arithmetic skill acquisition during this early period of learning depends on the integrity of hippocampal-prefrontal cortex and hippocampal-basal ganglia functional circuits. Children who exhibited higher intrinsic functional connectivity in these circuits before tutoring showed the greatest performance improvement in math problem solving.
A third important finding of our study is that the brain measures outperformed behavioral measures in predicting performance improvements with tutoring, including domain-general measures, such as IQ and working memory, and domain-specific measures, including standardized measures of numerical operations and verbal math reasoning. Previous behavioral studies have related math achievement with domain-general abilities including working memory and executive functions (47) as well as domain-specific abilities including estimation abilities (48), nonsymbolic arithmetic ability (49), symbolic numerical distance effect (50) , and number sense acuity (51, 52) . However, it is crucial to point out that our study differs quite radically from the aforementioned ones. The main difference being that these studies examined how behavioral measure at time 1 is correlated with mathematical achievement at time 2 [e.g., number sense acuity at time 1 is correlated with arithmetic math performance years later (51)], which is in contrast to our study in which we examined whether behavior and/or neural measures at time 1 predict amount of arithmetic learning from time 1 to time 2. Even more importantly, our study is unique because between time 1 and time 2 each child underwent a targeted one-to-one math tutoring, as opposed to other studies where the educational factors that could have influenced their outcome were not systematically controlled. The main point of our findings is that the amount of arithmetic learning (and not later arithmetic achievement, as it was for other studies) is best and uniquely predicted by neural measures. Previous longitudinal studies of reading development have demonstrated that neural measures can provide important additional information for the identification of children at risk for low academic performance (53, 54) . For example, Hoeft and colleagues reported that patterns of brain activation as well as right superior longitudinal fasciculus whitematter organization predicted future reading gains over 1-2 y in children with dyslexia (53) . In contrast, standardized measures of reading and language were not predictive of reading gains. In a longitudinal study of math without focused one-to-one tutoring, a combination of behavioral performance and brain activation during working memory was found to be predictive of future performance in children and adolescents ages 6-16 (55). Our findings extend these studies by showing that performance gains after 8 wk of math tutoring can be predicted by intrinsic brain structure and functional connectivity measures, thereby providing important insights into why some children in primarygrade school gain more from remedial one-to-one tutoring than others.
In conclusion, our study provides strong evidence that individual differences in anatomy and functional circuitry of brain regions associated with memory formation predict math-tutoring outcomes in primary-grade school children. Importantly, the predictive biomarkers for math learning identified in our study are distinct from those identified in prior training studies of language (56) and video game skill acquisition (57, 58) in adults. In particular, our findings of hippocampal structure and hippocampal-prefrontal cortex and hippocampal-basal ganglia functional circuits provide evidence for pathways that predict skill development during tutoring designed to facilitate fact retrieval skills. In contrast, learning a video game, which involves procedural, but not declarative learning, has shown to be predicted by striatal, but not hippocampal volume (57). Our findings have broad implications for understanding neurobiological factors that predict individual differences in arithmetic skill acquisition. Quantitative neuroimaging measures of brain structure and intrinsic brain organization, compared with behavioral measures, can be used to better predict response to intervention and provide insights into brain mechanisms that support efficient learning. Characterization of predictive biomarkers in each child may facilitate the development of targeted training and intervention programs.
Materials and Methods
Participants. Twenty-four children (11 boys, 13 girls) in grade 3 (mean age 8.47 y) participated in a math tutoring study (Table S1) , and 16 additional age-and grade-matched children participated as a no-contact comparison group (Table S2 and SI Materials and Methods).
Overall Study Design. Fig. 1 illustrates our study design. Demographic, neuropsychological, cognitive, and brain imaging measures were acquired from each participant before tutoring. The neuropsychological and cognitive measures assessed intelligence, working memory, reading, and math problem-solving abilities (SI Materials and Methods). After successful completion of the MRI scanning session, children started an 8-wk math-tutoring program. Tutoring sessions occurred three times per week, each ∼40-50 min in duration. Response to tutoring was examined using an arithmetic verification task that assessed accuracy and reaction time and an arithmetic production task that assessed retrieval strategy use before and after tutoring. The no-contact comparison group followed an identical protocol, the only exception being that they did not participate in any tutoring sessions.
Tutoring Sessions. Children took part in an 8-wk math-tutoring program adapted from MathWise (10, 14) . The tutoring program combined conceptual instruction with speeded retrieval of math facts. Similar to MathWise, the tutoring involved a total of 15-20 h of training, but it was condensed to 8-9 h/wk, with longer lessons to equate overall time on tutoring. The tutoring consisted of 22 lessons of increasing difficulty. The details of each lesson are described in SI Materials and Methods.
Tutoring Outcome Measures. Response to tutoring was examined using an arithmetic verification task that assessed accuracy and reaction time and an arithmetic production task that assessed retrieval strategy use on single-digit problems before and after tutoring. Arithmetic verification tasks involving single-digit addition problems were performed during fMRI scanning and emphasized speeded performance, whereas the strategy assessments were performed outside the scanner with other standardized neuropsychological measures and emphasized accuracy. Arithmetic verification and production tasks are described in detail in SI Materials and Methods.
Structural MRI. For each subject, a high-resolution T1-weighted spoiled grass gradient recalled inversion recovery 3D MRI sequence was acquired. We conducted a VBM analysis using the T1-weighted MRI scans acquired before tutoring to examine whether regional gray matter volume predicts predict performance improvements with math tutoring. Structural MRI data acquisition and VBM analysis procedure is described in detail in SI Materials and Methods.
fMRI. Each subject underwent a resting state scan that lasted 6 min. We performed intrinsic functional connectivity analysis using preprocessed resting state fMRI data acquired before tutoring to investigate functional circuits that predict performance improvements with math tutoring. fMRI data acquisition, preprocessing, and intrinsic functional connectivity analysis procedure is described in detail in SI Materials and Methods.
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Participants. Participants were recruited from multiple school districts in the in the San Francisco Bay Area. Participants had no history of psychiatric illness, neurological disorders, or reading disabilities. Informed consent was obtained from the legal guardian of each child and all study protocols were approved by the Stanford University Institutional Review Board.
Neuropsychological Assessments. All participants underwent a comprehensive battery of standardized neuropsychological assessments including the Wechsler Abbreviated Scale of Intelligence (WASI), the Wechsler Individual Aptitude Test (WIAT), and the Working Memory Test Battery for children (WMTB-C). Full-scale intelligence quotient (IQ) was determined using the WASI; academic achievement in reading and mathematics was assessed using the WIAT; and working memory was assessed using the WMTB-C. These standardized measures were acquired before tutoring and were not repeated because of statute of limitations regarding their repeated use within a year.
Tutoring Sessions. Children took part in an 8-wk math tutoring program adapted from MathWise (1, 2). The tutoring program combined conceptual instruction with speeded retrieval of math facts. Similar to MathWise, the tutoring involved 15-20 h of training, but it was condensed to 8-9 h/wk with longer lessons to equate overall time on tutoring. The tutoring consisted of 22 lessons of increasing difficulty. Lessons 1 through 4 reviewed adding and subtracting 0, 1, and 2, as well as low ties [from 1 + 1 to 6 + 6 and corresponding subtraction facts (e.g., ]. These lessons also taught the commutative property of addition (i.e., changing the order of the operands does not change the sum) as well as the additive identity property of zero (i.e., adding zero does not change the number's value) and introduced the children to math manipulatives (i.e., a number line and blocks in a circle). Lessons 5 and 6 taught the "min strategy" for addition (i.e., start with the larger number and count up with the smaller number) (1, 2) and the "missing addend strategy" for subtraction (i.e., start with the smaller number and count up to the larger number). During lessons 7-22, children practiced with progressively more difficult problems. They started out with all of the addition problems that summed to 5 and the corresponding subtraction problems. By the end of tutoring, they learned addition problems that summed to 18 and the corresponding subtraction problems. All lessons followed the same structure (i): warm-up flashcards to review previously trained math problems (ii); number knowledge review, including the use of manipulatives and the counting strategies (iii); a lesson worksheet to introduce the new math problems (iv); a math game (v), computerized flashcards combining the current and previous lessons' material (vi), a physical flashcard game; and (vii) a review worksheet of that day's problem set. Because scanning occurred only on weekends, children who completed lesson 22 early in the week took part in one or two additional review sessions.
Tutoring Outcome Measures. Response to tutoring was examined using an arithmetic verification task that assessed accuracy and reaction time and an arithmetic production task that assessed retrieval strategy use on single-digit problems before and after tutoring. Here we describe the two tasks in detail. Arithmetic verification task. The arithmetic verification task consisted of two blocks with 24 single-digit addition problems. Problems were presented horizontally in green lettering on a black background. In half of the arithmetic problems, the answers presented were correct (e.g., 2 + 4 = 6); in the remaining half the answers presented deviated from the correct answer by ±1 or ±2 (e.g., 3 + 5 = 7). Arithmetic problems with 1 or 0 as operands were not included. The larger operand was equally likely to appear in the first or second position. Each trial started with a fixation asterisk for 0.5 s. Then, the problem was presented for maximally 9.5 s, during which the child could make a response. The participant used a response box to indicate whether the answer presented was correct or incorrect. After the response, the problem disappeared from the screen and a black screen appeared for the remainder of the 9.5 s. Nonarithmetic control problems were presented randomly interspersed with arithmetic trials but were not analyzed here. To better assess simultaneous changes in accuracy and reaction time, we computed a composite measure of performance efficiency. Accuracy and median reaction time for each participant was first standardized using a Z-transformation. The composite measure of performance efficiency was created by computing the mean of standardized accuracy and reaction times, following procedures described in ref. 3 . Arithmetic production task. Arithmetic problem-solving strategies were further assessed on a trial-by-trial basis in two sessions, one conducted before and one after tutoring. Each child's mix of strategies for solving single-digit addition problems (e.g., 2 + 9 = ?) was assessed using standardized, well-validated, measures that classify strategies based on response time patterns, experimenter observation, and self-reports (4, 5) . The problems involved random pairs of integers from 2 to 9, with sums ranging from 6 to 17. The larger operand was equally likely to appear in the first or second position. The child was asked to accurately solve each problem (without the use of paper and pencil) and to verbally state the answer out loud. There was no time limit. It was emphasized that the child could use whatever strategy was easiest to get the answer (e.g., count with fingers, count verbally, just recall the answer). For each problem, the experimenter took detailed notes of overt signs of counting, such as finger use, lip movement, or audible counting, and these were compared against the child's report of how the problem was solved; children were asked to report how they solved each problem immediately after stating the answer (6). For each child, we computed the proportion of trials in which retrieval strategies were used. Other details of the protocols and the detailed coding schemes are described elsewhere (7).
Structural MRI. Data acquisition. High-resolution T1-weighted spoiled grass gradient recalled inversion recovery 3D MRI sequence was acquired in each child for performing anatomical morphometric analyses and to facilitate anatomical localization of resting state functional (fMRI) connectivity maps. The following parameters were used: TI = 300 ms, TR = 8.4 ms; TE = 1.8 ms; flip angle = 15°; 22 cm field of view; 132 slices in coronal plane; 256 × 192 matrix; 2 NEX, acquired resolution = 1.5 × 0.9 × 1.1 mm. Voxel-based morphometry. Voxel-wise differences in brain anatomy relating to change in arithmetic task performance were assessed using optimized voxel-based morphometry (VBM) (8) . This analysis was performed with the VBM8 toolbox developed by Christian Gaser (http://dbm.neuro.uni-jena.de/vbm). Before analyses, the structural images were resliced with trilinear interpolation to isotropic 1 × 1 × 1 voxels and aligned to conventional anterior commissure (AC)-posterior commissure (PC) space, using manually identified landmarks, including the AC, PC, and midsagittal plane. The resliced images were spatially normalized to the Montreal Neurological Institute (MNI) stereotactic space.
Spatial transformation was nonlinear with warping regularization = 1; warp frequency cutoff = 25. The spatially normalized images were then segmented into gray matter (GM), white matter (WM), and cerebrospinal fluid compartments, with a modified mixture model cluster analysis technique (8) with the following parameters: bias regularization = 0.0001, bias FWHM cutoff = 70 mm, sampling distance = 3, Hidden Markov Random Field (HMRF) weighting = 0.3. As recommended by Gaser and colleagues for children or elderly populations, we used no tissue priors for segmentation. Voxel values were modulated by the Jacobian determinants derived from the spatial normalization such that areas that were expanded during warping were proportionally reduced in intensity. We used modulation for nonlinear effects only (whereas the warping included both an affine and a nonlinear component). When using modulated images for performing subsequent group comparisons, the inference is made on measures of volume rather than tissue concentration (density). The use of modulation for nonlinear but not affine effects ensures that the statistical comparisons are made on relative (e.g., while controlling for overall brain size) rather than absolute volumes. The segmented (modulated) images for gray matter were smoothed with an isotropic Gaussian kernel (10 mm FWHM). The size of the kernel for smoothing was chosen as recommended by Gaser and colleagues for modulated images, because modulation introduces additional smoothing. Finally, voxel-wise wholebrain regression analysis using performance efficiency gains (postminus pretutoring) and gray matter volume was performed. ROI definition for hippocampus morphometric analysis. Hippocampus regions of interest (ROIs) were created in each hemisphere using observer-independent cytoarchitectonically defined probabilistic maps of the entire hippocampal complex (9) . Maximum probability maps were used to create these anatomical masks of the hippocampus using Anatomy Toolbox (10) . Voxels were included in the maximum probability maps only if the probability of their assignment to the hippocampus was higher than any other adjacent structures with greater than 40% likelihood. Prediction analysis. To examine the predictive ability of pretutoring morphometry of brain regions, we used a machine-learning approach: balanced cross-validation (11) combined with linear regression. The Python regressioncv toolbox (available for download at https://github.com/poldrack/regressioncv) was used to perform this analysis. Pretutoring gray matter volume of the ROI as independent variable and change in performance efficiency with tutoring as dependent variable was used as the input to a linear regression algorithm. Nonparametric testing was used to assess the performance of the regression algorithm in predicting change in performance efficiency with tutoring. We first estimated r(pred, actual), the correlation between the values predicted by the regression model and the observed/actual values, using a balanced fourfold cross-validation procedure. The r(pred,actual) is a measure of how well the independent variable(s) predict dependent variable. Data were divided into four folds such that the distributions of dependent and independent variables were balanced across folds. A linear regression model was built using three folds, leaving out one fold. The samples in the left-out fold were then predicted using this model, and the predicted values were noted. This procedure was repeated four times, and finally an r(pred, actual) was computed based on the predicted and actual values. r(pred,actual), correlation between the predicted value of the trained linear regression model and the actual value, was used as a measure of how well the independent variable predicts dependent variable, with r(pred,actual) = 1 being the most accurate prediction model. The fourfold cross-validation procedure was used to avoid overfitting that can occur when the leave-one-out cross-validation procedure is used on small sample sizes. Finally, the statistical significance of the model was assessed using nonparametric analysis. The empirical null distribution of r(pred,actual) was estimated by generating 500 surrogate datasets under the null hypothesis that there was no association between pretutoring gray matter volume of the ROI and change in performance efficiency with tutoring. Each surrogate dataset D i of size equal to the observed dataset was generated by permuting the labels (change in performance efficiency) on the observed data points. r(pred, actual) i was computed using the actual labels of D i and predicted labels using the fourfold balanced cross-validation procedure described previously. This procedure produces a null distribution of r(pred,actual) for the regression model. The statistical significance (P value) of the model was then determined by counting the number of r(pred,actual) i greater than r(pred,actual) and then dividing that count by the number of D i datasets (500 in our case). This analysis was conducted for three ROIs, including the right hippocampus, thalamus, and cerebellum.
fMRI. Data acquisition. Task-free resting-state fMRI scans were acquired in each child. Participants were instructed to keep their eyes closed and not move during the duration of the 6-min scan. fMRI data were acquired on a 3T GE Signa scanner (General Electric) using a custom-built head coil. Head movement was minimized during scanning by a comfortable custom-built restraint. A total of 29 axial slices (4.0-mm thickness, 0.5-mm skip) parallel to the AC-PC line and covering the whole brain were imaged with a temporal resolution of 2 s using a T2*-weighted gradient echo spiral in-out pulse sequence (12) with the following parameters: TR = 2,000 ms, TE = 30 ms, flip angle = 80°, and 1 interleave. The field of view was 20 cm, and the matrix size was 64 × 64, providing an in-plane spatial resolution of 3.125 mm. To reduce blurring and signal loss arising from field inhomogeneities, an automated high-order shimming method based on spiral acquisitions was used before acquiring fMRI scans. Data preprocessing. The first five volumes were not analyzed to allow for signal equilibration effects. A linear shim correction was applied separately for each slice during reconstruction using a magnetic field map acquired automatically by the pulse sequence at the beginning of the scan (13) . fMRI data were then analyzed using SPM8 analysis software (www.fil.ion.ucl.ac.uk/spm). Images were realigned to correct for motion, corrected for errors in slice-timing, spatially transformed to standard stereotaxic space (based on the MNI coordinate system), resampled every 2 mm using sinc interpolation and smoothed with a 6-mm FWHM Gaussian kernel to decrease spatial noise before statistical analysis. Translational movement in millimeters (x, y, z) and rotational motion in degrees (pitch, roll, yaw) was calculated based on the SPM8 parameters for motion correction of the functional images in each participant. Mean scan-to-scan displacement of movement did not exceed 1 mm for all participants. Intrinsic functional connectivity analysis. Intrinsic functional connectivity analysis was conducted using resting state fMRI to investigate specific functional circuits that related to change in arithmetic task performance with tutoring. This analysis focused primarily on right hippocampal ROIs that were identified by the VBM analysis as described previously. We contrasted the correlation strength of hippocampal connectivity with that of the right cerebellum and thalamus, two other brain regions identified by the VBM analysis as well as the right intraparietal sulcus (IPS) because of its key role in numerical cognition. ROIs in the right hippocampus, right cerebellum, and right thalamus were constructed using spheres with radius of 6 mm and centered at the peaks of the clusters identified by the VBM analysis. For the right IPS, the peak was centered at (MNI coordinates: 37-46 42) and was chosen based on posterior parietal cortex areas identified in a recent meta-analysis of brain areas activated during numerical cognition (14) . For each ROI, a resting state time series was extracted by averaging the time series of all voxels within it. The resulting ROI time series was then used as a covariate of interest in a linear regression whole-brain analysis. A global time series, computed across all brain voxels, along with six motion param-eters, were used as additional covariates to remove confounding effects of physiological noise and participant movement. For each ROI, the resultant subject-wise ROI connectivity maps were correlated at the voxel-by-voxel level with performance efficiency gains (post-minus pretutoring), using a voxel-wise whole-brain regression analysis. The correlation group maps were thresholded at P < 0.01 height with family-wise error corrections for multiple spatial comparisons at the cluster level (P < 0.05, spatial extent 100 voxels). The mean correlation strength of the right hippocampus connectivity was computed by averaging the correlation values across voxels in the thresholded map. Similarly, the mean correlation strength of the right cerebellum, right thalamus, and right IPS connectivity were computed. Finally, we compared the mean correlation strength of the right hippocampus connectivity with that of right cerebellum, right thalamus and right IPS connectivity, using two-sample t tests. Prediction analysis. To examine the predictive ability of pretutoring intrinsic connectivity of the hippocampus, we used a machine learning approach: balanced cross-validation (11) combined with linear regression. The Python regressioncv toolbox (available for download at https://github.com/poldrack/regressioncv) was used to perform this analysis. Pretutoring intrinsic connectivity of the hippocampus as independent variable and change in performance efficiency with tutoring as dependent variable was used as the input to a linear regression algorithm. r(pred,actual), correlation between the predicted value of the trained linear regression model and the actual value, was used as a measure of how well the independent variable predicts dependent variable, with r(pred,actual) = 1 being the most accurate prediction model. Nonparametric testing was used to assess the significance of the regression algorithm in predicting change in performance efficiency with tutoring, using the procedure described previously. This analysis was performed for five hippocampal-connectivity targets of interest, including left dorsolateral prefrontal cortex (DLPFC), left ventrolateral prefrontal cortex (VLPFC), right supplementary motor area, left basal ganglia, and right middle temporal gyrus. Additionally, we contrasted the predictive power of hippocampal connectivity, as measured by r(pred,actual), with that of the right cerebellum and thalamus, two other brain regions identified by the VBM analysis as well as the right IPS because of its key role in numerical cognition. S2 . Behavioral measures do not correlate with improvement in arithmetic performance in response to 8 wk of one-to-one math tutoring. None of the standardized behavioral assessment scores before math tutoring was correlated with performance gains in arithmetic problem solving after tutoring. Assessments include full-scale intelligence quotient (FSIQ) from WASI, a working memory composite score (WM composite) from WMTB-C, and numerical operations and math reasoning from WIAT-II. Fig. S3 . Gray matter volume of hippocampus does not correlate with change in arithmetic performance in no-contact comparison group. The right (R) hippocampus region that correlated with performance gains in tutoring group did not correlate with performance changes in arithmetic problem solving after 8 wk in comparison group (r = 0.30, P = 0.26). Results are based on VBM analysis at the whole-brain level (height threshold: P < 0.01; extent threshold: P < 0.05, 100 voxels). 
